INTRODUCTION
Whole-genome duplication (WGD) is widespread within the angiosperms, and although the exact causes and consequences are still under debate, it has been suggested that WGD plays an important role in the evolution of novel traits and increased biological complexity (Van de Peer et al., 2009; Vanneste et al., 2014; Soltis and Soltis, 2016) . A range of phenotypic and genotypic effects might explain the relative success of polyploids (Van de Peer et al., 2017) . It has been observed that polyploidy can have a direct influence on the plant phenotype, leading, for instance, to bigger flowers and/or increased stature (Chen, 2010; Gross and Schiestl, 2015) , as well as on the plant genotype, leading to genomic rearrangements and gene expression changes (Adams and Wendel, 2005; Chen, 2007; Buggs et al., 2011; Chester et al., 2012; Shi et al., 2015) .
Besides the direct effects associated with polyploidy, the evolutionary success of polyploids might also in part be explained by the increased diversification potential that comes with WGD. Indeed, gene duplication is undoubtedly the most important source of novel genes (Taylor and Raes, 2004; Flagel and Wendel, 2009 ). These "extra" genes can serve as substrates for the evolution of novel functions through sub-or neofunctionalization, or a combination of both (Prince and Pickett, 2002; Conant and Wolfe, 2008) . In contrast to small-scale duplications, duplicates created by WGD (also called homoeologs) tend to be retained at much higher fractions and for longer periods of time, likely due to dosage-balance constraints opposing their loss (Maere et al., 2005a; Aury et al., 2006; Birchler and Veitia, 2012; Li et al., 2016) , thereby extending the temporal window for sub-and neofunctionalization. Hence, studies have focused on identifying duplicated genes that have been retained following WGD and subsequently diverged and that can explain the evolution of novel traits or increase in biological complexity. Examples of such studies include enhanced root nodule symbiosis in Papillionoidae , the glucosinolate pathway in the Brassicales (Hofberger et al., 2013; Edger et al., 2015) , the ethylene biosynthesis pathway in banana (Musa acuminata; Jourda et al., 2014) , and response to wounding in Nicotiana (Zhou et al., 2016) .
However, an often-overlooked aspect of WGD in these studies is that WGD duplicates not only individual genes, but also entire pathways. The coordinated evolution of all genes in a pathway is of particular interest when studying the evolution of novel traits following WGD (De Smet and Van de Peer, 2012) . For instance, Freeling and Thomas (2006) argued that gene balance maintains duplicated functional modules as the spandrels of purifying selection and that these modules are likely precursors of coadapted gene complexes. These authors also postulated that such duplicated functional networks or modules-representing functional pathways or parts thereof-would lead to an increase in biological complexity and/or morphology. Another argument that coordinated evolution might follow WGD is the observation that the evolution of traits often involves mutations in multiple genes (Bullard et al., 2010; Fraser et al., 2011; He et al., 2016; Roop et al., 2016) , which makes sense given that many traits are polygenic in nature. Inquiries into the existence of such patterns of coordinated divergence in Arabidopsis thaliana (Blanc and Wolfe, 2004a; Ruprecht et al., 2016) and Saccharomyces cerevisiae (Pereira-Leal and Teichmann, 2005; Conant and Wolfe, 2006; Wapinski et al., 2007) , which were mainly assessed at the expression level, have reported such cases to be rare. One exception was provided by Ihmels et al. (2005) , who identified a link between the evolution of anaerobic growth and transcriptional rewiring of dozens of genes following WGD in S. cerevisiae. The paucity of well-described cases might indicate that coordinated evolution of duplicated genes following WGD is a rare evolutionary event.
Here, we aimed to identify cases of polygenic evolution following WGD for Arabidopsis. To this end, we used a gene-centric approach to interrogate large Arabidopsis gene expression compendia for coordinated gene expression divergence following WGD. We identified a clear case of 92 homoeologous gene pairs that show the same pattern of gene expression divergence, representing a shift in expression between aerial tissues and polarized cell types/tissues (pollen tube and root tip). We provide evidence that this tissue-specific gene expression divergence pattern parallels functional divergence between defense and growth/development, and hypothesize that many of the identified duplicated gene pairs might function in cell wall integrity pathways that evolved after WGD to have separate or at least partly separate functions in growth and stress.
RESULTS

Identifying Homoeologous Gene Pairs with Coordinated Gene Expression Divergence
To identify WGD-derived gene pairs that show coordinated gene expression divergence, we used biclustering, a clustering technique that allows the simultaneous clustering of rows and columns of a matrix and the identification of subclusters. Biclustering analysis of a large gene expression compendium allowed us to construct modules of genes with similar expression profiles across a range of experimental conditions (i.e., coexpression modules). Based on these coexpression modules, we defined gene expression divergence of duplicated gene pairs as cases in which the homoeologs did not belong to the same coexpression module and that hence were coexpressed with distinct sets of genes. To identify cases of coordinated gene expression divergence, we searched for pairs of coexpression modules that differed in their gene expression patterns and that shared a large number of homoeologous gene pairs (Figure 1 ) (see Methods). We used a module-based approach to study coordinated gene expression divergence for the following reasons: (1) coordinated gene expression divergence likely involves genes that belong to the same pathway, signaling network, or protein complex and therefore are expected to be mutually coexpressed (Wu et al., 2002) ; (2) patterns of gene expression divergence can be more robustly inferred based on modules, since gene expression divergence of a pair of genes is supported by these genes being coexpressed with distinct gene sets; and (3) the module concept can be used to improve our understanding of gene function by taking advantage of the guilt-by-association principle and can as such contribute to an increased understanding of how gene function might have changed following WGD.
To obtain coexpression modules, we used a gene-centric biclustering approach to interrogate a gene expression compendium for genes that were specifically coexpressed with the homoeologous genes retained in duplicate following WGD in Arabidopsis (i.e., the query genes for module retrieval). As the biclustering method, we used a modified version of the Signature Algorithm (Ihmels et al., 2002) , which can be applied in a querybased mode (De Smet and Marchal, 2011 ) (see Methods). As a gene expression data set for module retrieval, we used a compendium that contains 134 different conditions from different To identify coordinated gene expression divergence following WGD, we considered all gene pairs in conserved syntenic blocks as a starting point for our analyses. A gene-centric biclustering approach was applied to retrieve a coexpression module for each query gene (i.e., homoeologs). Candidate module pairs are module pairs for which the genes show divergent gene expression patterns (for all or a large majority of genes) and that share a maximum number of homoeologous gene pairs. See Methods and Supplemental Figure 6 for details. experiments, describing the expression of 19,825 genes in different tissues and developmental stages in Arabidopsis (Schmid et al., 2005; De Bodt et al., 2012) . The query genes for module retrieval came from 2699 putative homoeologous gene pairs from consecutive Arabidopsis WGDs, taken from PLAZA 2.5 (Van Bel et al., 2012) , where conservation of intragenomic synteny was used as evidence for retention following WGD. In total, these pairs contained 4759 genes that were used as query genes to obtain 4759 coexpression modules. We had 4759 genes (i.e., less than 2 3 2699 genes) in these pairs because multiple WGDs have occurred during the evolutionary past of Arabidopsis; hence, the duplication history of genes is often nested such that certain genes can be part of multiple syntenic gene pairs. The average size of these modules was 2207 genes (Supplemental Figure 1) . Since the coexpression modules were obtained independently from each other, the modules could overlap: On average, each homoeolog belonged to 555 different coexpression modules.
We used this set of 4759 modules to identify candidate module pairs that shared a large number of homoeologous gene pairs with coordinated gene expression divergence and obtained 22 such module pairs (Figure 1 ; see Methods for further details). Below, we will discuss in detail two module pairs that showed clear gene expression divergence. Module Pair 1 consisted of a module of 2033 genes (module 1-A) and a module of 1934 genes (module 1-B). Module Pair 2 comprised a module of 2113 genes (module 2-A) and a module of 2230 genes (module 2-B). The modules within each pair showed substantial overlap; for example, modules 1-A and 2-A shared 19% of their genes, while modules 1-B and 2-B shared 32% of their genes. In total, these two module pairs contained 92 unique homoeologous pairs, consisting of 173 unique genes (Supplemental Data Set 1). Again, these 92 pairs contained fewer than 2 3 92 unique genes because these homoeologous gene pairs originated from consecutive independent WGDs and a small subset of them were repeatedly retained in duplicate. Module Pair 1 contained 53 homoeologous pairs, Module Pair 2 contained 54 homoeologous pairs, and the overlap of both module pairs comprised 15 homoeologous pairs (Figure 2) .
We also identified the experimental conditions for which the genes in the two module pairs were most divergent in gene expression. We used Random Forest classifiers to test how well the gene expression levels of the genes in module A could be differentiated from the gene expression levels of their homoeologs in module B under a certain condition (see Methods for details). Using this approach, we found that Module Pair 1 homoeologous gene pairs had opposite gene expression patterns in pollen (male gametophyte) and aerial tissues (leaf, shoot, cotyledon, etc.) , with the genes in module 1-A upregulated in the pollen tissues and those in module 1-B upregulated in the aerial tissues ( Figure  2 ). Therefore, we will further refer to module 1-A as the Pollen module and module 1-B as the Leaf_P (i.e., leaf as opposed to pollen) module. We identified a similar pattern for the homoeologs in Module Pair 2, with the gene pairs having opposite expression patterns in root (primarily root tip) (module 2-A) and aerial (module 2-B) tissues (Figure 2 ). We will further refer to these modules as the Root and Leaf_R (i.e., leaf as opposed to root) modules. The gene expression patterns for genes in the Root and Pollen modules were quite similar, since they were both downregulated in the aerial tissues, where the homoeologs in both Leaf_P and Leaf_R modules were upregulated (Figure 2 ). These observed tissue-specific expression biases together with the high overlap in genes between both modules might be explained by both Root and Pollen representing tissue types with a polarized growth signature (Rounds and Bezanilla, 2013) . Interestingly, the selected conditions for the Root module also included apical and basal embryonic cells (Figure 2 ), for which it is well established that cell polarity maintenance is important for correct plant development (Lau et al., 2012) . Consequently, the top-divergent conditions for the Root and Pollen modules indicate that genes within these modules function in cell or tissue polarization; hence, we hereafter considered them as one Root/Pollen module. Similarly, we could not identify any distinction between the genes in the Leaf_R and Leaf_P modules based on their expression patterns; therefore, we further considered them as one Leaf module.
We next assessed whether the above-described gene expression divergence patterns were robust outside the chosen gene expression data set, by investigating whether similar gene expression divergence patterns could be observed for other data sets. As a first alternative data set, we used all 946 conditions remaining in CORNET (De Bodt et al., 2012) after removing the ones in the Development compendium, which was used for the above analysis. We again used the Random Forest approach to identify conditions of divergent expression for genes in module A and module B in both pairs. The top conditions were consistent with the observations made for the Development compendium: Genes within the modules 1-A (Pollen) and 2-A (Root) seemed to be biased toward being expressed in flower/male gametophyte (stamen and inflorescence) and root tissues, respectively. Genes within the modules 1-B (Leaf_P) and 2-B (Leaf_R) seemed to show biased expression in aerial tissues, such as leaves and the shoot (Supplemental Figure 2) . Hence, this data set confirmed the gene expression dichotomy observed in the Development data set.
As a second alternative data set, we profiled the Rootmap data from Brady et al. (2007) to identify the specific regions in the Arabidopsis root where the homoeologs with a Root-Leaf biased expression showed gene expression divergence. This analysis supported the observation that genes in the Root module were specifically biased toward being expressed in the root tip and the meristematic tissues, whereas gene expression levels for the genes in the Leaf_R module were comparatively low for these particular tissues. By contrast, the genes with a biased expression toward the leaves (Leaf_R module) appeared to be primarily expressed in the maturation zone of the root, phloem, and the lateral root (Supplemental Figure 3) .
In summary, using an approach to identify modules that contained gene pairs that duplicated and diversified following WGD, we identified two module pairs with clear gene expression divergence signatures. The first module pair corresponded with a gene expression shift of 53 gene pairs between primarily leaf-biased expression and expression in the pollen tube. A second module pair reflected a gene expression shift of 54 gene pairs between primarily leaf-biased expression and expression in the root tip.
Functional Divergence of Homoeologs and Their Respective Coexpressed Genes
To study how the functions of the 92 homoeologous gene pairs might have changed following WGD, we analyzed their functions 2788 The Plant Cell based on Gene Ontology (GO) terms (Supplemental Data Set 1). Because of the limited number of genes with an annotated function, GO term overrepresentation analyses resulted in a short list of enriched GO terms. For instance, homoeologs in the Root/ Pollen module appear to be overrepresented for terms associated with calcium-dependent signaling (Supplemental Table 1 ). For the homoeologs with a leaf-biased gene expression, we found overrepresentation for responses to multiple exogenous and endogenous stimuli. This overrepresentation was maintained if we used all homoeologs in Arabidopsis as a reference set, suggesting that especially homoeologs responding to stimuli belonged to our coexpression modules (Supplemental Table 2 ). Cross-checking the GO terms with experimental evidence for the homoeologous gene pairs identified a large number of regulatory genes among the 92 homoeologous gene pairs, with 36 genes involved in "signal transduction." Furthermore, the large number of genes involved in "ubiquitination" (11 genes) and "DNA-templated transcription" (16 genes) suggested that many of these homoeologs are involved in gene regulation at different levels (signaling, transcription regulation, and posttranslational regulation/protein turnover). We also performed a GO enrichment analysis of all genes in the coexpression modules to which the 92 genes belong. These GO enrichment results supported the tissue-specific gene expression patterns described above: For instance, genes in the Root module were enriched for GO terms associated with root development, such as "trichoblast maturation" and "root hair cell development and differentiation" (Supplemental Table 3 ). The Pollen module was enriched for GO terms associated with the male gametophyte, for instance, "pollen tube," "pollen tube growth and development," "pollen germination," and "male gamete generation" (Supplemental Table 3 ). The two Leaf modules were enriched for GO terms that are expected to be associated with aerial tissues, such as photosynthesis-related terms (Supplemental Table 3 ). In agreement with the relatively high fractions of signal transduction genes among the 92 homoeologous gene pairs (Supplemental Figure 4) , the only GO term that was most enriched for both the Root/Pollen and Leaf modules was "phosphorylation" (Figure 3 ). More remarkable, the GO analysis revealed a difference in functional bias between genes in the Root and Pollen modules on the one hand and the two Leaf modules on the other hand. Enriched GO terms were different for both sets of modules, with topenriched GO terms for the Root/Pollen modules biased toward functions related to cell growth and differentiation, whereas enriched GO terms for the Leaf modules were biased to response to stress and more specifically defense ( Figure 3 ).
Detailed literature searches for the 173 genes in the 92 homoeologous pairs confirmed that many of the homoeologous genes with described functions have a role in growth and development, and more specifically in tip growth and defense (Supplemental Data Set 1). The link between genes involved in growth and development and their expression in pollen and root tissue seems reasonable, considering that the pollen tube represents a prime example of directional cellular growth (Cheung and Wu, 2008) and that the root tip is also involved in directional responses to developmental and environmental cues (Abas et al., 2006; Galvan-Ampudia et al., 2013) . Maybe less clear is the link between genes involved in defense and their expression in aerial tissues, especially since the expression compendium we used does not contain any stress conditions. However, it has been observed that subtle variations in growth conditions are difficult to control under laboratory conditions and affect gene expression (Bhosale et al., 2013) . In an analysis of functional processes that showed gene expression variation in individuals grown under tightly controlled conditions, "defense"-related functions and "hormone signaling" outperformed other functional categories (Bhosale et al., 2013) . This finding suggests that these specific functional processes are especially difficult to control in lab Shades of blue represent the logarithm of the enrichment P value following Benjamini-Hochberg multiple testing correction of the indicated GO term in both modules.
conditions and that even in the absence of specific stressors, individuals show variation in their responses for these specific functions.
In summary, the observed gene expression divergence of the 92 homoeologs and their respective coexpressed genes seems to reflect true functional divergence, with genes in the Root/Pollen module(s) functioning in (tip) growth and development, and those in the Leaf module(s) having a stress-related function. It is worth noting that the GO enrichment analysis suggests a statistically significant functional profile for a set of genes, so the enriched terms do not necessarily apply to all genes (Supplemental Data Set 1). We noticed that some genes in the Leaf module are also involved in (tip) growth and development, based on evidence from the literature. For instance, VLN4 (AT4G30160) has a described function in root hair growth ; mutants of XXT5 (AT1G74380) have a root hair morphology phenotype (Zabotina et al., 2008) ; ARR4 (AT1G10470) functions in growth and development (Chi et al., 2016) ; PKS2 (AT1G14280) functions in leaf flattening and leaf positioning (de Carbonnel et al., 2010) ; and GLR3.4 (AT1G05200) functions in root development (Vincill et al., 2013) . GO terms for these genes also reflect the above described functions (Supplemental Data Set 1).
Homoeologous Gene Pairs Show Associated Functions in Cell Wall Integrity
While the genes in the Root/Pollen modules and the Leaf modules tended to have evolved divergent functions in (tip) growth and defense, GO analysis did not reveal a single underlying pathway that has been duplicated. Therefore, it was not clear what connects the homoeologs mutually and how these duplicated genes could be involved in such diverse functions as growth and defense. However, exhaustive literature searches (Supplemental Data Set 1) revealed that a considerable number of homoeologs seemed to be (in)directly involved in cell wall maintenance, either under growth/morphogenesis (Root/Pollen module) or (a)biotic stress (Leaf module). The most obvious examples of homoeologs that may be involved in cell wall maintenance were a set of genes in our modules that function in cell wall biogenesis and metabolism, such as xyloglucan endotransglucosylases (Figure 4 ). In addition, the set of homoeologs included genes involved in the establishment and maintenance of cell polarity, needed to transport cell wall material to the site of growth/cell wall damage, such as cytoskeletal genes, genes involved in exocytosis, and signaling genes involved in the polarization of the plasma membrane. Specifically, genes encoding components of the acto-myosin cytoskeleton and vesicular transport (exocyst and SNAREs) were found among our homoeologs (Figure 4 ). For instance, targeted vesicular transport of cell wall components through the actin cytoskeleton plays a pivotal role in cell wall maintenance (Hepler et al., 2013; Sampathkumar et al., 2013; Thomas and Staiger, 2014) . Notably, the roles of the actin cytoskeleton and vesicular trafficking in both cell elongation and defense are well described (Cheung and Wu, 2008; Day et al., 2011) . Besides these structural components that are involved in cell wall maintenance, as stated previously, the homoeologs also included many signaling genes (Supplemental Figure 4) . Of note were different genes that function in phospholipid signaling, such as PHOSPHOLIPASE D (PLD) and PLC, which modulate levels of intracellular phosphatidic acid (PA). PA is a signaling phospholipid with diverse functions in biotic and abiotic stress (Testerink and Munnik, 2005) but also with a crucial From bottom to top: Cell wall enzymes are usually synthesized in the Golgi apparatus and transported by vesicular transport (involving exocytosis and the actin cytoskeleton) to the plasma membrane. Different signaling proteins are activated by extracellular or plasma membrane-associated signals and (in)directly interact with the cytoskeleton and vesicular transport. The main signaling molecules involved in cell wall maintenance are signaling molecules derived from phospholipids (e.g., PA) and calcium. At the level of the plasma membrane, transporter proteins are responsible for maintaining ion homeostasis (e.g., Ca 2+ concentrations) and for controlling cellular turgor. Homoeologous genes involved in each of these processes are indicated in boxes. Genes from the Root/Pollen modules are listed on the left, whereas homoeologs from the Leaf modules are on the right. Gene names in bold are genes for which experimental evidence exists that they are involved in polarized growth or (a)biotic stress. Gene names not in bold are genes for which there exists indirect evidence that they are involved in either of these processes, for instance, because they belong to a gene family containing other members that function in these processes and/or with experimental evidence that they are expressed in the relevant tissues. For other genes, indicated in light gray, no relation to any of these processes could be found in literature. References to relevant literature are in Supplemental Data Set 1. role in the regulation of cell expansion in pollen tubes (Pleskot et al., 2013) and in root tropism (Galvan-Ampudia et al., 2013) (Figure 4) . Interestingly, PA directly interacts with the actin cytoskeleton and as such influences vesicular trafficking to the cellular site of PA signaling (Pleskot et al., 2013; Hong et al., 2016) . In addition, PLCs are possibly involved in plasma membrane cell wall interactions and are thus likely involved in cell wall remodeling and transferring signals from the outside of the cell to the inside (Borner et al., 2003; Liu et al., 2015) . Besides PA, Ca 2+ also functions as an important intracellular signaling molecule involved in cell wall maintenance, for instance, by interacting with the actin cytoskeleton (Hepler, 2016) , while it is also an important component of the cell wall itself (Hepler et al., 2013) . Transporter genes among our homoeologs (such as GLRs) have a role in regulating Ca 2+ -gradients during pollen tube growth and possibly also root hair growth (Michard et al., 2017) , but also function in stress (Meyerhoff et al., 2005) . In addition, our homoeologous gene pairs included Ca 2+ -sensitive signaling genes, such as multiple CDPKs, that act as Ca 2+ sensors and trigger downstream responses, such as polarity maintenance in the growing pollen tube (Myers et al., 2009 ) and defense response (Boudsocq and Sheen, 2013) .
In agreement with our observation that these duplicated genes might function in cell wall maintenance are observations that the plant cell wall is intimately involved in both growth/morphogenesis and (a)biotic stress (Wolf et al., 2012; Engelsdorf and Hamann, 2014) , explaining the functional bias of homoeologs to either growth or defense. The opposite expression patterns we observed for the 92 homoeologous gene pairs for growth-related genes versus defense-related genes could be explained by the antagonistic requirements for growth and stress on the plant cell wall. For instance, growth requires controlled loosening of the cell wall (Cosgrove, 2005; Braidwood et al., 2014) , whereas in case of herbivore or pathogen attack, further loosening of the cell wall (as caused by pathogen enzymes) will be halted as to prevent further damage (Hématy et al., 2007) .
To further validate our hypothesis that many of these homoeologs are potentially involved in controlling and maintaining cell wall integrity (CWI) under both growth and stress, we determined whether probable marker genes of CWI maintenance are coregulated with the 92 homoeologous gene pairs. As marker genes for CWI maintenance, we considered 14 genes encoding receptor-like kinases (RLKs) that have been implicated in cell wall damage signaling and that likely function upstream of pathways involved in the maintenance of CWI (Engelsdorf and Hamann, 2014) . These RLK genes include those that were identified as primarily functioning in tip growth (e.g., ANX1 and ANX2) as well as genes that primarily function in defense (e.g., WAK1 and WAK2), although functions of RLKs are often pleiotropic (Nissen et al., 2016) . For each of these 14 RLK genes, we tested whether they show condition-specific coexpression with any of the 173 homoeologs in the 92 pairs. Specifically, we used each of the RLKs as query genes for the modified Signature Algorithm (SA), applied to the Development expression compendium. Next, we ranked all 19,825 genes in the expression compendium according to the Gene Scores generated by the SA (see Methods). Briefly, a Gene Score of a certain gene is a proxy for the extent to which it shows condition-dependent coexpression with the query gene. Using this approach, for each of the 14 RLK genes, we can thus rank the 19,825 genes in the expression compendium in decreasing order of coexpression based on the calculated Gene Scores (see Methods). We then used Gene Set Enrichment Analysis (GSEA) (Subramanian et al., 2005; Väremo et al., 2013) to test whether the 173 homoeologous genes were significantly coexpressed (meaning they had collectively high ranks in the list) or showed significant anti-coexpression (meaning they had collectively low ranks in the list) with each of the 14 RLKs (see Methods). The outcome of this guilt-by-association analysis was again supportive of our hypothesis that the homoeologs function in CWI maintenance in either growth (Root/Pollen module) or defense (Leaf modules) ( Figure 5A ). In particular, we found that for all 14 RLKs, homoeologs within either the Root/Pollen module or the Leaf module were significantly associated with either topcoexpressed or top-anti-coexpressed genes. In addition, homoeologs in the Root/Pollen and Leaf modules showed opposite patterns of statistical association, with for the majority of the cases the Root/Pollen homoeologs showing statistically significant anticoexpression to the RLKs, whereas the Leaf homoeologs showed statistically significant coexpression. This result was consistent with the opposite tissue-specific expression patterns we observed earlier for the homoeologs within the pairs. In addition, the observed patterns agreed with known roles for the RLKs. For instance, FERONIA arrests pollen tube growth (Escobar-Restrepo et al., 2007) and was indeed anti-coexpressed to the Pollen homoeologs. Conversely, ANXUR1 (ANX1) and ANX2 maintain pollen tube integrity during growth (Boisson-Dernier et al., 2009) and were coexpressed with the pollen homoeologs ( Figure 5) . Similarly, WALL-ASSOCIATED KINASE1 (WAK1) and WAK2 play a role in defense (Kohorn and Kohorn, 2012) , consistent with their coexpression with the Leaf homoeologs ( Figure 5 ).
Recurrent WGDs Have Contributed to the Functional Divergence of Duplicated Genes
Besides the 92 homoeologous gene pairs identified through synteny analysis (see Methods), we wondered whether the other genes in the modules could also have been created through WGD and hence represent false negatives of our synteny-based filtering method. Therefore, we estimated their age of duplication. First, we identified all gene families with gene members shared between both modules and that showed a similar gene expression divergence pattern as determined above for the 92 homoeologous gene pairs. Because of the potentially complex many-to-many relationship within plant gene families, we used gene tree-species tree reconciliation to identify the specific duplication nodes in the gene trees associated with gene expression divergence, i.e., those nodes for which the duplicated genes belonged to different coexpression modules (see Methods). As such, we identified 202 additional duplication nodes for which the paralogous genes showed a similar gene expression divergence as the 92 homoeologous gene pairs identified earlier in this article (i.e., one gene belongs to the Root/Pollen module and its paralog to one of the Leaf modules). We analyzed the phylogenetic distribution of these duplication nodes by evaluating their position on the species trees and found that 64.9% (131/202) of the identified duplication nodes mapped to three nodes associated with WGD events in Arabidopsis ( Van de Peer et al., 2017) (Figure 6 ). If we ignored 53 duplication events that mapped to the Angiosperm node, representing putative ancient duplication nodes that predate the divergence of basal angiosperms from the other angiosperm species, this fraction increased to 87.9% (131/149). In comparison, 93.4% (2005/2147) of all syntenic gene pairs used in this study and for which phylogenetic trees could be constructed, not limited to the ones that show divergence in the module pairs, mapped to species tree nodes associated with WGD events. Therefore, we conclude that a large fraction of these 149 pairs that do not belong to the filtered set of syntenic gene pairs likely also originated through WGD events. We also studied the K s values (number of synonymous substitutions per synonymous site) of the duplicated gene pairs and used these values as another proxy to date duplication nodes (see Methods). With WGD, all duplicates originated at the same time and therefore should have similar K s values (Blanc and Wolfe, 2004b; Vanneste et al., 2013) . We compared K s distributions for these 149 duplication nodes to the K s distributions of the duplication nodes for all syntenic gene pairs in our data set. This analysis showed that on average the K s values associated with the 149 duplication nodes were larger than those of all syntenic pairs in the data (P = 5.781e-06, Wilcoxon rank sum test), whereas they were similar to the 92 divergent homoeologous gene pairs in our data set (P = 0.05683, Wilcoxon rank sum test). This result would suggest that these 149 duplication nodes are of ancient origin, which is in line with the observations of their duplication nodes mapping to WGD events ( Figure 6 ).
We also looked at the phylogenetic distribution for the 92 divergent homoeologous (and syntenic) gene pairs and observed that they originated from different WGD events and hence do not trace back to a single WGD event (Figure 6 ). Specifically, they had a biased origin toward more ancient WGD events in comparison to the distribution of all syntenic pairs.
DISCUSSION
In this study, we analyzed an Arabidopsis development gene expression compendium for patterns of coordinated gene expression divergence of homoeologous gene pairs. Using a gene-centric biclustering approach, we found a striking case of coordinated tissue-specific gene expression divergence of 92 homoeologous gene pairs, with one homoeolog showing biased expression toward tip growth tissue (Root and/or Pollen modules) and the other homoeolog showing biased expression toward aerial tissues (Leaf module). We provide evidence that this pattern of tissuespecific gene expression divergence potentially reflects a pattern of functional divergence where one gene functions in polarized growth, (A) Outcome of GSEA that tests coexpression association between divergent homoeologs in the Root, Pollen, Leaf_R, and Leaf_P modules and 14 known CWI marker genes (y axis). Boxes are colored if the outcome of GSEA was significantly up (coexpression, blue) or down (anti-coexpression, red), while white boxes indicate that no significant association was found. (B) Gene Score ranks of homoeologs in the four different modules when using WAK2 and ANX2 as query genes for module detection by the SA. Low ranks indicate high expression similarity to the query gene. The Gene Scores are signed, with positive signs (blue) indicating coexpression and negative signs (red) indicating anti-coexpression under selected conditions. These Gene Score ranks are used by GSEA to assess statistical significant association of CWI marker gene expression to the homoeologs (see Methods for details).
while its homoeolog tends to be involved in defense response/stress. By investigating the functions of the 173 genes in these 92 pairs, we hypothesize that many of these genes may have a function with respect to maintaining cell wall integrity and include genes involved in plasma membrane-associated and Ca 2+ -dependent signaling, vesicular transport, actin cytoskeleton, and cell wall metabolism. We corroborated this hypothesis by showing that 14 RLK genes that function upstream in cell wall integrity pathways in both tip growth and defense have gene expression patterns that are very similar to the 92 homoeologous gene pairs, suggesting that following WGD, gene pairs that are involved in the maintenance of cell wall integrity have been maintained in duplicate but subsequently diversified to function in defense or growth.
Both tip growth and defense are processes where the maintenance of the cell wall is particularly challenged (Engelsdorf and Hamann, 2014) . It is becoming clear that similar cellular components that are used for polarized growth and morphogenesis are also used for defense responses, including the acto-myosin cytoskeleton, targeted exocytosis (of cell wall material), and signaling molecules that redirect the cytoskeleton to the site of cell wall damage (Dettmer and Friml, 2011; Pleskot et al., 2013) . Indeed, both processes require a focal distribution of cellular material, either at the site of growth or at the site of cell wall damage. Interestingly, the usage of similar cellular components for polarized growth and defense response appears to be a common theme in eukaryotic cells that is not unique to plants because in budding yeast, but also in higher organisms, a similar cellular machinery is used for polarized growth and cellular wound healing (Sonnemann and Bement, 2011; Kono et al., 2012) . In budding yeast, it was even shown that the gene sets involved in polarized growth and wound healing are largely overlapping (Kono et al., 2012) .
We observed that the homoeologous gene pairs originated from different WGD events. These observations suggest that this gene expression divergence pattern is a recurrent event that is tightly associated with WGD. We hypothesize that genes that are involved in the cell wall might be specifically maintained in duplicate following WGD because at the cellular level, polyploidy is often associated with increase in cell size (Kondorosi et al., 2000) and, consequently, polyploid cells require extra cell wall material to accommodate for the increase in cell volume. In support of this hypothesis, Wu et al. (2010) observed that gene expression changes in tetraploid yeast cells involved genes encoding cell surface proteins. They showed that these gene expression changes are likely due to the increased cell size associated with polyploidy, with in particular genes annotated with the "cell wall" GO term being differentially expressed in tetraploid versus diploid cells. This increased demand in cell wall material of polyploid cells might be compensated for following WGD by preserving genes in duplicate that are involved in the production and transport of cell wall material, possibly affecting genes with a wide range of functions, including cell wall biogenesis enzymes, genes involved in cellular trafficking of cell wall material to the site of growth, and signaling molecules that coordinate controlled cellular expansion. In support of this hypothesis, we indeed observe that genes with the "cell wall" GO term are overrepresented among genes that were repeatedly retained in duplicate following multiple independent WGD events in the angiosperms (Supplemental Figure 5) . Prolonged retention of these specific genes following WGD because of the increased demand for cell wall material extends the temporal window during which sub-or neofunctionalization can occur.
How did this pattern of functional divergence evolve in Arabidopsis? There are two possible scenarios: In the first scenario, we assume that the original unduplicated genes had multiple functions and were involved in both polarized growth and defense, while a partitioning of functions (i.e., subfunctionalization) occurred after duplication. Alternatively, the ancestral genes only possessed one of the functions (i.e., polarized growth or defense response) and following duplication the entire duplicated pathway was co-opted to function in either polarized growth or defense. Hence, whereas the former case postulates partitioning of ancestral functions, the latter involves the redeployment of entire sets of genes in a novel context. In favor of the first scenario, we hypothesize that partitioning of functions following duplication would represent an improved way to balance growth and stress responses and thus would have an immediate effect on plant fitness. Growth and stress/defense are biological processes that can compete for nutrients and energy (Karasov et al., 2017) . Therefore, it is crucial for plants to properly allocate the limited resources between such energy-intensive processes to gain better fitness. Since plants grow in environments in which they are constantly confronted with (a)biotic stresses, they have evolved sophisticated mechanisms to balance growth and defense (Huot et al., 2014) . Indeed, there appears to be abundant crosstalk between growth and defense pathways (Ballaré, 2014; Chaiwanon et al., 2016) . Under a scenario where, before duplication, the ancestral genes functioned in both growth and stress, we can expect that growth and defense responses compete for the same cellular resources. An elegant study in budding yeast indeed showed that wound healing and polarized cell growth use the same genes and that stabilization of polarity compromises wound healing (Kono et al., 2012) . Consequently, duplication of components of these pathways and their subsequent divergence in functioning in growth and defense would at least partially resolve this competition since distinct gene sets would be available to function in polarized growth and defense.
It should be noted that several of the genes in our modules have described functions in both growth and development as well as (a)biotic stress (Supplemental Data Set 1). If these functions actually reflect the ancestral functions of the genes before duplication, the fact that such genes have retained (part of) their ancestral function(s) in growth and development and stress response is not necessarily in conflict with a scenario of subfunctionalization as proposed here. For instance, subfunctionalization is a process that takes time and some genes might still show some residual functionality in stress/ growth versus a primary role in growth/stress (or vice versa) and hence, depending on the experimental conditions, one might observe one over the other.
Concerning the alternative scenario, i.e., that following duplication, the existing cellular machinery involved in cell wall maintenance was redeployed for a different function (i.e., either growth or defense), there is a growing body of evidence that existing pathways or regulatory networks can be reused in new settings. Famous examples of co-option of pathways are butterfly wing spot variety, tetrapod limb evolution, and the evolution of complex leaves in plants (True and Carroll, 2002) . While it is not known what evolutionary events underlie such network co-option events, it is tempting to speculate that novel developmental or stress-related functions could be created by for instance the evolution of novel expression patterns of just one or few upstream regulatory genes and hence require a minimal number of evolutionary changes. Previously reported cases of network or pathway co-option (e.g., Shimeld et al., 2005; Werner et al., 2010) usually relate to existing gene sets being used in a new setting, but some examples exist of pathway co-option following gene duplication (Rosin and Kramer, 2009; Hoffmann et al., 2010) . The latter has the advantage of producing template pathways that can be molded by evolution while simultaneously limiting possible interference with the ancestral function.
Here, we described two diverged coexpression modules connected by 92 homoeologous gene pairs with predominant expression in either tip growth tissues or aerial tissues following WGDs. The expression patterns seem to be in agreement with their different roles in growth and defense and likely related with the maintenance of cell wall integrity. Hence, our data might describe a case in which a template pathway created by WGD can be subsequently redeployed for other functions by upstream regulatory changes. However, to distinguish between the subfunctionalization and co-option scenarios, we will need additional insight into the ancestral functions of these genes, likely obtained from phenotyping of mutants of orthologs in early branching angiosperms.
METHODS
Homoeologous Gene Pairs
Homoeologous gene pairs for Arabidopsis thaliana were obtained from PLAZA 2.5 (Van Bel et al., 2012) . These contained 5101 gene pairs that reside within genomic blocks that show intraspecies synteny, encompassing 7848 unique Arabidopsis genes. There were 7848 genes and thus fewer than 2 3 5101 genes in these pairs because Arabidopsis has undergone multiple WGDs; hence, the duplication history of genes is often nested such that certain genes can be part of multiple syntenic gene pairs. We also retrieved the K s values for these homoeologous gene pairs from PLAZA 2.5 and further filtered these gene pairs based on their K s values. We assumed that all gene pairs in the same syntenic block originated from the same duplication event; therefore, we calculated a median K s value for each block to represent its age. We plotted the K s distribution of these median K s values and observed a bimodal distribution, as has been previously documented (Blanc and Wolfe, 2004b; Vanneste et al., 2013) , with the first mode likely corresponding to the most recent alpha event and the second mode representing a mixture of pairs from the beta and gamma events (Vanneste et al., 2013) . We removed all homoeologous gene pairs on synteny blocks with a median K s value lower than 0.1, as their origin is too recent to come from any of the ancient polyploidization events and likely represent segmental duplications; we also removed all homoeologous gene pairs corresponding to syntenic blocks with a median K s value that exceeds 4 to account for K s saturation effects (Vanneste et al., 2013) . As such, we retained a set of 3962 high-confidence homoeologous gene pairs that were used in subsequent analyses. We also removed the gene pairs in which one of the homoeologs had no matching probe set for the ATH1 array (see below), ending up with a set of 2699 gene pairs (encompassing 4759 unique genes) used for all analyses in this article.
Gene Expression Data
The main analyses of this article were conducted on the CORNET 2.0 Development compendium (De Bodt et al., 2012) , which contains data for 134 different experimental conditions and compiles data from different experiments describing gene expression in different tissues and developmental stages in Arabidopsis. All experiments in this compendium used the ATH1 array and the probe sets could be mapped to 21,428 Arabidopsis genes when using TAIR10 gene annotation. From this compendium, we filtered out all genes that showed little variation in their expression across conditions, by only maintaining 90% of the genes with the largest gene expression variation (as assessed by SD). The final expression matrix contained 19,825 genes and 134 experimental conditions. Furthermore, to verify that the observed expression patterns were valid in other expression data sets, we also considered the 946 remaining conditions in CORNET 2.0 that were not in the Development compendium and we also used the Rootmap data from Brady et al. (2007) . ATH1 probe sets were always mapped to TAIR10 gene annotations.
Inferring Coexpression Modules
To detect coexpression modules, we used the Signature Algorithm (SA; Ihmels et al., 2002) . The SA is a query-driven biclustering approach to identify the genes that show condition-dependent coexpression with a certain seed gene (also called the query gene). Here, we used all 4759 genes from the selected homoeologous gene pairs as seeds for the SA to identify the coexpression modules associated with each of these seed genes. Starting from a certain seed gene, the SA defines two vectors: the condition score vector and the gene score vector that define the coexpression module and are adjusted in subsequent iterations of the algorithm. For each condition, the condition score vector represents the extent to which the genes in the module are up-or downregulated, i.e., reflecting an average gene expression pattern for all genes in the module. In the first iteration of the algorithm, the condition score vector corresponds to the normalized gene expression profile of the seed gene. For each gene, the gene score vector represents the extent to which a gene is coexpressed with the seed gene, giving higher weight to conditions with high values in the condition score vector. In the original SA, coexpression modules, or biclusters, are obtained by putting thresholds on the gene and condition score vectors with threshold values or a range of threshold values chosen by the user, i.e., only genes for which the gene score exceeds a certain threshold value will be assigned to the coexpression module. Here, we implemented a more robust and statistically sound approach to define the threshold on the gene scores. We permuted the original gene expression matrix in a gene-wise manner, i.e., permuting for each gene the expression values across all conditions, keeping only the gene expression profile of the seed gene fixed. We then recalculated the gene and condition scores for this scrambled matrix. We repeated this procedure 1000 times for each seed gene and constructed as such a background distribution of gene scores. We finally selected the 90th, 95th, and 99th percentile of the background distribution as thresholds for the gene score vector and thus generated three sets of coexpression module pairs for further identification of diverged module pairs (Supplemental Figure 1 ). Since we were mainly interested in the genes that belonged to the same coexpression module, we did not put a threshold on the condition score vectors.
Identifying Diverged Module Pairs
To identify module pairs that have putatively diverged following WGD, we considered all relevant module pairs associated to homoeologous gene pairs (i.e., 2699 module pairs, corresponding to 2699 homoeologous gene pairs). We defined divergent module pairs as those module pairs that showed gene expression divergence and that shared a large number of homoeologous gene pairs (see Figure 1) . To this end, we introduced two different scores: (1) the Divergence score to asses to what extent two modules have diverged in their coexpression profile and (2) the Paralogy score to assess to what extent the genes in two modules are evolutionary related by WGD (i.e., are each other's homoeologs) (Supplemental Figure 6 ).
Under the assumption that modules that have divergent gene expression patterns will largely contain different genes, we measured the divergence of genes in two modules based on the Jaccard Index, which calculates the similarity between finite sample sets by using the size of the intersection divided by the size of the union of the sample sets. We defined the Divergence scores as:
Number of shared genes between the two modules Total number of genes in the two modules
Hence, a Divergence score of 1 represents module pairs that have no genes in common. In this work, we considered only module pairs with Divergence scores in the 95th percentile. The Paralogy score reflects the fraction of homoeologous gene pairs that are shared by two modules in a module pair. To assess the significance of the paralogy score, we sampled two random gene sets from the total number of genes measured on the microarray, keeping the module sizes, the Divergence score, and the total number of homoeologous genes (i.e., the sum of the intermodule and intramodule homoeologous pairs) fixed and compared the number of observed homoeologous gene pairs across both modules to that observed for the randomly sampled gene sets. We repeated this procedure 1000 times for each module pair and selected only module pairs for which the Divergence score belonged to the 95th percentile of the background distribution.
Using the above strategy, we identified diverged module pairs from each of the three sets of coexpression modules (see one example in Supplemental Figure 6 ). Among these, 22 diverged module pairs existed in all the three sets, suggesting they were independent of the threshold scores used in the SA. These 22 module pairs were partially overlapping module pairs that contained a large number of homoeologous gene pairs that show coordinated gene expression divergence. For these 22 module pairs, we manually checked gene expression divergence by inspecting their gene expression levels in heat map representations and ended up with two module pairs for which the genes showed clear gene expression divergence.
Assessing Module Stability
Since SA is a query-driven module detection approach, each seed gene (i.e., all 4759 homoeologs) has its own coexpression module. A stable module in the query-driven approach is a module in which each gene from the module can retrieve its own module: If this gene is used as a query gene for module detection, the outcome is again the same module. Hence, in the optimal case there is a reciprocal relationship between all gene members of a module. We used this knowledge to assess the robustness of the four coexpression modules reported in this article, i.e., the Root, Pollen, Leaf_R, and Leaf_P modules, specifically focusing on the homoeologs within these modules. In particular, for each homoeolog q in a certain module, we assessed the success rate of its retrieval by the remaining Q-q homoeologous genes in the same module. We call this success rate the "retrieval score." The average retrieval score for all 173 homoeologs was 0.57. We compared this number to random expectations by randomly selecting the same number of homoeologs as in the module that we are interested in, without the limitation that these should belong to the same module, and then calculated the median of their individual retrieval scores. We repeated this procedure 1000 times to construct a background distribution of retrieval scores and found the retrieval scores of the 173 homoeologous genes to be significantly larger than that of the background (P value < 2.2e-16, Welch's two-sample t test) (Supplemental Figure 7) .
Selecting Conditions Underlying Gene Expression Divergence
We identified the conditions for which all homoeologous gene pairs had divergent gene expression by defining a two-class classification problem in which we assigned all homoeologs in the same coexpression module to one class and the homoeologs in the other coexpression module to the other class. We then used Random Forests (RFs) (Breiman, 2001 ) to identify those conditions for which the classifier could, based on the gene expression levels, discriminate well between genes in the first class and those in the second class. To select the conditions, we used the RF approach implemented in the "varSelRF" R package (Diaz-Uriarte, 2007) , which combines RF classification with a variable selection method based on backward elimination. We applied this package to our data with 5000 trees and 200 bootstrap samples.
Functional Enrichment Analysis
We identified GO terms that are significantly overrepresented in the modules using the Bingo package (Maere et al., 2005b) . Gene-GO term associations were obtained from geneontology.org, and the file used in this work was submitted by TAIR to the Gene Ontology Consortium on October 5, 2015.
Reported P values are obtained after multiple-testing correction using the Benjamini-Hochberg method (Benjamini and Hochberg, 1995) .
We used GSEA to test whether module genes showed a statistically significant coexpression association to 14 cell wall integrity marker genes obtained from Engelsdorf and Hamann (2014) . In this GSEA approach, we used the Gene Scores obtained by the SA to rank all genes in the gene expression compendium in decreasing order of gene expression similarity to each of the 14 cell wall integrity marker genes (see Figure 5B for examples). We then used this ranked vector of genes to test whether homoeologs in each of the four modules had gene expression patterns that were statistically significantly associated with those of the cell wall integrity marker genes. Specifically, we used the "mean" function from the "piano" R package (Väremo et al., 2013) to test the gene expression association between the cell wall integrity marker genes and the homoeologs. To test significance of the association, the gene rankings were permuted 10,000 times. The BenjaminiHochberg (Benjamini and Hochberg, 1995) method was used to control the false discovery rate associated with multiple testing.
Inferring Gene Families and Gene Trees
To infer gene families, we retrieved protein coding sequences from the following sequenced Brassicaceae/Brassicales species: A. thaliana, Arabidopsis lyrata, Capsella rubella, Brassica rapa, Thellungiella parvula, and Tarenaya hassleriana. To delineate the three polyploidy events, we also included three other species, Carica papaya, Vitis vinifera,andAmborella trichopoda, as outgroup species. All protein coding sequences come from Li et al. (2016) , except for T. hassleriana (Cheng et al., 2013) , which was downloaded from NCBI with RefSeq assembly accession GCF_000463585.1. To identify gene families, we used OrthoMCL (Li et al., 2003) with the inflation parameter defined as I = 1.5 to cluster all-againstall BLASTP results (E-value < 1 3 10 25 ). As some of the 2699 homoeologous gene pairs belonged to different orthologous groups identified by OrthoMCL, we further combined those gene families into one gene family for further analysis. Therefore, we ended up with 4139 multigene families that contained each at least one Arabidopsis paralogous gene pair.
A species tree was constructed based on a concatenated multiple sequence alignment of 1311 gene families with exactly one copy in all species and with orthologs in all species (i.e., single-copy gene families) (Supplemental Data Set 2). MUSCLE (3.8.31) (Edgar, 2004 ) was used to perform multiple sequence alignment on amino acid sequences for each single-copy gene family. Low-quality aligned regions were removed by trimal in a heuristic mode ('-automated1'), followed by back-translation from amino acid alignments into nucleotide sequence alignments (Capella-Gutiérrez et al., 2009 ) (Supplemental Data Set 3). We used RAxML (8.2) with the GTR+GAMMA model to infer a maximum likelihood tree that was obtained by optimizing every 5th bootstrap tree in 100 rapid bootstraps; the remaining trees were used to calculate bootstrap-based branch support (Stamatakis, 2014) .
For gene tree construction and gene tree-species tree reconciliation, we used the pipeline described by Li et al. (2016) . The 4139 gene families with at least a pair of Arabidopsis paralogs were given as input to the reconciliation pipeline. Six gene families with more than 300 members were removed due to the large computational resources required by large gene families. Gene tree-species tree reconciliation defines nodes in a gene tree as either "duplication" nodes or "speciation" nodes, depending on whether children nodes represent orthologs or paralogs. In addition, they report a relative age of gene duplication based on predictions of where duplications likely map on the species tree (Stolzer et al., 2012) . After filtering out low-quality duplication nodes , we obtained duplication nodes in 3981 gene families, including 2350 of 2699 homoeologous gene pairs (Supplemental Data Set 4). K s values for the predicted duplication nodes inferred above were estimated in the same way as described by Li et al. (2016) (Supplemental Data Set 4) . For each paralogous pair, protein sequences were aligned by ClustalW (Oliver et al., 2005) using parameters recommended by Hall (2004) . PAL2NAL (Suyama et al., 2006 ) was used to back-translate the aligned amino acids into corresponding codon sequences followed by removing gaps. K s values were estimated by codeml from PAML using the GY model with stationary codon frequencies empirically estimated by the F334 model (Yang, 2007) . To remove redundant K s values for duplication nodes with multiple paralogous pairs, the minimum K s value was selected from all possible gene pairs to represent the timing of the duplication event.
Accession Numbers
Sequence data from this article can be found in the Arabidopsis Genome Initiative or GenBank/EMBL databases under the accession numbers listed in Supplemental Data Set 1. Supplemental Table 1 . Gene Ontology overrepresentation of the homoeologs in the Root/Pollen modules.
Supplemental Table 2 . Gene Ontology overrepresentation of the homoeologs in the Leaf modules.
Supplemental Table 3 . Gene Ontology overrepresentation of all module genes in the Root/Pollen and Leaf modules.
Supplemental Data Set 1. Overview of the 92 homoeologous gene pairs with literature references and Gene Ontology terms related to their functions in either growth/development or stress.
Supplemental Data Set 2. Accession numbers of genes from 1311 single-copy gene families used for building the species tree.
Supplemental Data Set 3. Concatenated multiple sequence alignment of 1311 single-copy gene families to build the species tree.
Supplemental Data Set 4. Duplication events identified by gene treespecies tree reconciliation and K s values for paralogous pairs in Arabidopsis.
